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Legal debate: Is is gambling?

(1) Bet or wager.—The term “bet or wager”— 

(E) does not include— 

(ix) participation in any fantasy or simulation sports game ... in which ... no fantasy or 

simulation sports team is based on the current membership of an actual team ... and that 

meets the following conditions: 

(II) All winning outcomes reflect the relative knowledge and skill of the participants 

and are determined predominantly by accumulated statistical results of the 

performance of individuals (athletes in the case of sports events) in multiple real-world 

sporting or other events.



The data

Types of contest: 50/50 and head-to-head
Each entry contains: 

• Player ID 
• Game ID 
• # of entries 
• win fraction 
• average points scored 
• max points scored 
• …

29,299,240 entries

MLB NBA NFL NHL

#plrs (H2H) 89,338 107, 796 190,562 20,802

#plrs (50/50) 130,515 158,532 312,263 30,607

Max games/plr 686 383 155 271

Max entries/plr 60,200 64,287 49,657 21,209



Detecting games of chance

Is Texas Hold 'Em a Game of Chance? A Legal and
Economic Analysis

STEVEN D. LEVITT, THOMAS J. MILES, AND ANDREW M. ROSENFIELD*

In 2006, Congress passed the Unlawful Internet Gambling Enforcement Act
(UIGEA), prohibiting the knowing receipt of funds for the purpose of unlawful
gambling. The principal consequence of the UIGEA was the shutdown of the
burgeoning online poker industry in the United States. Courts determine whether
a game is prohibited gambling by asking whether skill or luck is the "dominant
factor" in the game. We argue that courts' conception of a dominant factor-
whether chance swamps the effect of skill in playing a single hand of poker-is
unduly narrow. We develop four alternative tests to distinguish the impact of
skill and luck, and we test these predictions against a unique data set of
thousands of hands of Texas Hold 'Em poker played for sizable stakes online
before the passage of the UIGEA. The results of each test indicate that skill is
an important influence in determining outcomes in poker Our tests provide a
better framework for how courts should analyze the importance of skill in
games, and our results suggest that courts should reconsider the legal status of
poker
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INTRODUCTION

Imagine an activity in which hundreds of thousands of people participate
every year. A high degree of skill is needed to excel at the activity, but most
participants do not possess or develop the skill. Rather, most pursue it as a
recreation because they find the activity pleasurable. Often, they undertake it
with friends or in informal groups. A limited number of participants invest
substantial resources to acquire the skill necessary for success at the activity.
Some of these individuals aspire to earn professional livelihoods from their
participation. However, these investments in human capital are, on average, not
profitable. The overwhelming majority of those making these investments fail to
become professionals. The very small fraction who succeed as professionals are
exceptionally skilled and earn very substantial sums from the activity. These
few participants become famous for their extraordinary skill, and a large portion
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1. Do players have different expected payoffs when playing the game? 

2. Do observable characteristics of the player correlate with the payoffs they 
receive?  

3. Do actions that players take in the game have statistically significant impacts on 
the payoffs that are achieved? 

4. Are payoffs serially correlated (implying a persistence of skill)?
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“Even tiny differences in skill manifest 
themselves in near certain victory if the time 

horizon is long enough.” 

— Levitt, Miles, Rosenfield (2012)
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Quantifying the role of skill
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FIG. 6. NFL persistence. Left: Scatter plot of p versus q for FanDuel NFL players who have

played a minimum of 50 games. Each circle represents a single FanDual player. Size of the circle

represents standard deviation so players that have played more games are represented by smaller

circles. Right: R value calculated from FanDuel data (solid black line), expected value of R

calculated from Monte Carlo simulations (blue filled circles, blue error bars represent standard

deviation across Monte Carlo trials), computed error (blue shaded region), and number of players

in the FanDuel population (dashed line). Grey shaded region indicates range of parameter space

where the binomial distribution is not well-approximated by a normal distribution. For comparison

with real football, the light vertical dotted line represents the number of games in a the real NFL

football season and the horizontal dotted line represents the R value calculated for the last 5 real

NFL football seasons.
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The expected value of R̂⇤ computed directly from player data is shown in Figures 4, 5, 6,

and 7 in the solid blue line.
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transformed random variables

Si =
1p
2
(Pi +Qi � 1) (2)

Ti =
1p
2
(Qi � Pi). (3)

Here Ti represents the di↵erence in the win fraction distribution between the first and second

halves of the season, and Si represents the variation of Pi and Qi from the nominal value

of 1/2. Note that, if the game is truly random, then in the new coordinate system E[Si] =

E[Ti] = 0; however, if the outcome of the game is determined by skill, then E[Ti] = 0 and

E[Si] = (2wi � 1)/
p
2, where wi varies according to the skill level of the individual player.

Naturally, in games that combine skill and chance, we expect the measured values to lie

somewhere between these two extremes.

To characterize the role of skill in determining the outcome of the game (as opposed to

the skill of an individual player), we compute the variance in S and T over the aggregate of

all players
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where E[S] = (1/m)
Pm

i Si = 0, E[T ] = (1/m)
Pm

i Ti = 0, and ✓Si and ✓Ti are weighting

functions that reflect the our confidence in the ith data point. Finally, we define the quantity

R⇤ = 1� B

A
(6)

which provides a single metric to quantify the relative role of skill and chance in determining

the outcome of the game. For games that are truly random, E[R⇤] = 0; for games that are

purely skill-based, E[R⇤] = 1 [10].

1. Estimating the expected value of R⇤ from FanDuel data

To estimate the distribution, expected value, and variance of R⇤ from real data, we first

compute the sample mean estimate for each player associated with the win fraction in the

first and second half of the season, respectively, using

p̂i =
1

ni/2

ni/2X

j=1

xij, q̂i =
1

ni/2

niX

j=ni/2+1

xij. (7)

11

Next we model the skill of each player, as reflected by the win fraction, by a normal distri-

bution. Towards this end, we only consider players that satisfy the condition under which

the binomial distribution may be well-approximated by a normal distribution namely

niwi/2 > 5 and ni(1� wi)/2 > 5. (8)

In this case, the variance in the half season win fraction of the ith player can be approximated

by

�2
i =

2wi(1� wi)

ni
. (9)

Note that if skill is a persistent quality that is intrinsic to the player, then the win frac-

tion in the first and second half of the season should be equal – namely p̂i and q̂i should

both approach wi as the number of games per player becomes large – and players can be

represented points along the diagonal as sketched in Figure 3 (Left).

We can now directly compute the R⇤ value associated with FanDuel data. At this point

we are not computing a distribution, rather the particular instance of R⇤ that was observed

in 2014. Rotating p̂i and q̂i as defined above to shift to ŝi and t̂i coordinates, weighting the

ith data point by the variance i.e. ✓Si = ✓Ti = 1/�2
i , and using E[S] = E[T ] = 0, we compute
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and find

R̂⇤ = 1� B̂

Â
. (11)

This observed value of R̂⇤ for the 2014 NBA, MLB, NFL, and NHL FanDuel players is

shown by the solid black line in Figures 4, 5, 6, and 7. In each plot we consider a range

of populations defined by the minimum number of games per player represented along the

horizontal axis (e.g. if the minimum number of games is 100 then we discard players who

have played 99 games or less). The dashed line (right vertical axis) represents the number

of players in each population which is well-approximate by an exponential distribution in

all four sports. The observed trend indicates that the measured value of R⇤ is dominated

by players who have played the fewest number of games in the sample.

While this calculation serves as a starting point to estimate the role of skill in a particular

FanDuel season, ideally we would like to estimate the expected value of R⇤ (and the variance,

etc.) if a large number of seasons were played with the same player population. Towards

12

dataset. Our data has been anonymized so we do not have information on predetermined

player characteristics; hence we will not address question 2.

A. Question 1: Expected payo↵

In a game of chance, the expected payo↵ for all players is the same. To test whether this

is true of our data, we divide each of our datasets – fantasy NBA, MLB, NFL, and NHL –

into four subsets according to number of games ni played by the ith player. The first group

contains players who have played the fewest number of games and the fourth group contains

players who have played the largest number of games. Since the number of players, m, who

have played ni games decays exponentially (i.e. most players play only a few games), ranges

were selected to reflect a logarithmic distribution such that the first group contains 90%

of the players, the second group 90-99%, the third 99-99.9% and the fourth contains the

final 0.1%. If the measured win fraction distribution varies across these four subsets in a

statistically significant manner we can conclude that skill plays a role in the outcome of the

contest. Here the win fraction of the ith player is computed as

wi =
1

ni

niX

j=1

xij (1)

where xij is the indicator function associated with the outcome of the j-th game: xij = 1

if the player i won the j-th game, and xij = 0 if the player i lost the j-th game. Some

care must be taken in this analysis as it can be argued that players who win their initial

games (whether by skill or by luck) are more likely to keep playing. To account for this

bias, we consider two distributions: one in which all previous games are included (shown

by the dashed lines in Figure 1) and one which corrects for early win bias. In the second

case only games in the relevant quartile are counted as indicated by the solid lines in Figure

1. For example, if the second group contains players that play 50–100 games, the dashed

distribution indicates the winning percentage over the entire season (games 1-100) and the

solid lines only take into account the win percentage in the relevant group, namely games

50–100. To avoid association with choosing a particular distribution representation, all lines

in Figure 1 were computed via kernel density estimation.

A number of trends are clearly observable in the data (Figure 1). First, players who play

the fewest games systematically underperform with an average win fraction of 0.46 (MLB),

5

win fraction of 

the ith player

number of games

of the ith player

Estimate the expected value of R* (and other 
quantities) if a large number of seasons were 

played with the same player population.

1. Monte Carlo 
2. Analytical estimate
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chi-squared distribution with the parameters m and λS =
∑m

i=1(µSi/σi)2. Similarly,
the random variable B is distributed as a noncentral chi-squared distribution with
the parameters m and λT =

∑m
i=1(µTi/σi)2. Hence,

E[A] =
1

m
(m+ λS) = 1 +

1

m

m∑

i=1

(2wi − 1)2ni

2wi(1− wi)
,(14)

E[B] =
1

m
(m+ λT ) = 1,(15)

from which E[R∗] can be computed as

(16) E[R∗] = 1−
[
1 +

1

m

m∑

i=1

(2wi − 1)2ni

4wi(1− wi)

]−1

.

The expected value of R∗ computed directly from (16) using FanDuel player data is
shown in Figure 4 as solid blue lines.

Similarly, the variance can be estimated directly from player data by propagating
the uncertainty associated with the fact that each player only plays a finite number
of games:

(17) σ2
R ≈

m∑

i=1

(
∂R̂∗

∂ŵi

)2

σ2
i =

m2

8
(m+ λS)

−4
m∑

i=1

ni(2ŵ2
i − 1)2

ŵ3
i (1− ŵi)3

.

This estimate is indicated by the shaded light blue regions in Figure 4. In all four
sports, both the analytic estimate and the Monte Carlo simulation provide a rea-
sonable approximation to the FanDuel data for players that have played more than
approximately 100 games. For players with fewer games, (16) and the Monte Carlo
simulations overpredict the measured value of R∗, suggesting that the assumption
that players are well represented by a normal distribution with mean wi and variance
σi breaks down for small ni.

3. A Bayesian Approach. As a final consistency check, we analyze the data from
a Bayesian perspective. First, we associate with any given competition a random
variable which characterizes the probability that the competition is a game of luck or
a game of skill, with a sample space {Luck, Skill}. Our goal is to infer the probability
that the competition is a game of luck (or skill) based on observed data. To this end,
we appeal to Bayes’ theorem,

(18) P ( Skill |wi) =
P (wi| Skill )P ( Skill )

P (wi)
,

where P ( Skill |wi) is the conditional probability that the competition is a game of skill
given the observed win fraction of the ith player, wi; P (wi| Skill ) is the probability of
observing wi if the competition is a game of skill (the likelihood); and P (Skill) is the
prior probability that the competition is a game of skill. The denominator P (wi) is
the probability of observing wi regardless of contest type (the evidence) and is given
by

P (wi) = P (wi| Luck )P ( Luck ) + P (wi| Skill )P ( Skill ).

© 2018 SIAM. Published by SIAM under the terms of the Creative Commons 4.0 license
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Luck and the Law: Quantifying
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Abstract. Fantasy sports have experienced a surge in popularity in the past decade. One of the
consequences of this recent rapid growth is increased scrutiny surrounding the legal aspects
of the games, which typically hinge on the relative roles of skill and chance in the outcome of
a competition. While there are many ethical and legal arguments that enter into the debate,
the answer to the skill versus chance question is grounded in mathematics. Motivated by
this ongoing dialogue we analyze data from daily fantasy competitions played on FanDuel
during the 2013 and 2014 seasons and propose a new metric to quantify the relative roles of
skill and chance in games and other activities. This metric is applied to FanDuel data and
to simulated seasons that are generated using Monte Carlo methods; results from real and
simulated data are compared to an analytic approximation which estimates the impact
of skill in contests in which players participate in a large number of games. We then
apply this metric to professional sports, fantasy sports, cyclocross racing, coin flipping,
and mutual fund data to determine the relative placement of all of these activities on a
skill-luck spectrum.
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1. Introduction. In his 1897 essay, Supreme Court Justice Oliver Wendell Holmes
famously wrote: “For the rational study of the law the blackletter man may be the
man of the present, but the man of the future is the man of statistics . . . ” [10]. This
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Is it ok to have 
sports fans in 

stadiums during a 
pandemic?



“Safe Stadium Policy” 

• Limited capacity (most operating at ~15%) 

• Masks required when not eating or drinking 

• Seating in family “pods”  

• Cashless purchasing only 

• Socially distanced entry points

Of the 32 teams in the 
NFL, 19 have opened 

their stadiums to fans at 
some point this season.



What info do we have? 
• Location of stadium  
• Date that each stadium 

opened 
• # of reported Covid cases 

daily at the county level 
(NYTimes Covid GitHub)

Synthetic Control 

• Use the rest of the counties 
in Texas to build a synthetic 
Dallas and a synthetic 
Houston  

• Compare case counts of 
synthetic counties with real 
Dallas and Houston to 
estimate impact of opening 
stadium

Sep 20, 2020

Oct 4, 2020
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Nov 26 Dec 9

From NYTimes

Expect to see impact of opening stadium 2-3 weeks after 
the event

pre-
intervention

post-
intervention

T0



Stadium cities better Stadium cities worse

Stadium 
closed to 

fans

Stadium 
open to 

fans
Stadium

open

Stadium
closed

s - ssyn = Δ

T0



Stadium
open

Stadium
closed

Big Picture: NFL’s strategy for opening stadiums to fans 
has been effective (i.e. there does not appear to be any 

significant impact on the spread of covid)



Stadium
open

Stadium
closed

What can go wrong?  Bad data

Houston



Stadium
open

Stadium
closed

What can go wrong? 

Green Bay







Stadium
open

Stadium
closed

What can go wrong? 

Green Bay

Date of 
the rally

Date we expect 
to see impact



Stadium
open

Stadium
closed

What can go wrong? 

Sturgis jump

Green Bay

Date of 
the rally

Date we expect 
to see impact



Controlled opening of stadiums Giant motorcycle rallies 

OK OK
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